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Abstract
Background: Genome-wide association studies of Single Nucleotide Polymorphisms (SNPs) have identified 55 SNPs
associated with lung function. However, little is known about the effect of copy number variants (CNVs) on lung
function, although CNVs represent a significant proportion of human genetic polymorphism. To assess the effect
of CNVs on lung function quantitative traits, we measured copy number at 2788 previously characterised, common
copy number variable regions in 6 independent cohorts (n = 24,237) using intensity data from SNP genotyping
experiments. We developed a pipeline for genome-wide association analysis and meta-analysis of CNV genotypes
measured across multiple studies using SNP genotype array intensity data from different platform technologies. We
then undertook cohort-level genome-wide association studies of CNV with lung function in a subset of 4 cohorts
(n < =12,403) with lung function measurements and meta-analysed the results. Follow-up was undertaken for CNVs
which were well tagged by SNPs, in up to 146,871 individuals.
Results: We generated robust copy number calls for 1962 out of 2788 (70 %) known CNV regions genome-wide,
with 1103 measured with compatible class frequencies in at least 2 cohorts. We report a novel CNV association
(discovery P = 0.0007) with Forced Vital Capacity (FVC) downstream of BANP on chromosome 16 that shows
evidence of replication by a tag SNP in two independent studies (replication P = 0.004). In addition, we provide
suggestive evidence (discovery P = 0.0002) for a role of complex copy number variation at a previously reported
lung function locus, containing the rootletin gene CROCC, that is not tagged by SNPs.
Conclusions: We demonstrate how common CNV regions can be reliably and consistently called across cohorts,
using an existing calling algorithm and rigorous quality control steps, using SNP genotyping array intensity data.
Although many common biallelic CNV regions were well-tagged by common SNPs, we also identified associations
with untagged mulitallelic CNV regions thereby illustrating the potential of our approach to identify some of the
missing heritability of complex traits.
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Background
Genome-wide association studies (GWAS) of single nu-
cleotide polymorphisms (SNPs) have highlighted genes
and biological pathways associated with risk of a variety of
diseases and variability in quantitative health-related traits.
Quantitative lung function traits are of major public
health relevance and large GWAS have identified multiple
common variants which collectively explain only a small
proportion of the phenotypic variance. For lung function
traits (forced expired volume in 1 second, FEV1, forced
vital capacity, FVC and the ratio FEV1/FVC), the 55 SNPs
reported in recent large GWAS explain 6.6 % of the vari-
ance in FEV1/FVC, 5.3 % of the variance in FEV1 and
4.0 % for FVC [1–6].
Copy number variants (CNVs) are deletions or duplica-
tions of parts of a chromosome, ranging from a few hun-
dred to a few million base pairs in length [7], leading to
extra or fewer copies of a certain DNA sequence relative
to the usual 2 copies for a diploid genome. CNVs have
been associated with several disorders including Crohn’s
disease, rheumatoid arthritis and diabetes [8, 9] and
neurological disorders such as schizophrenia [10, 11],
autism [12, 13] and developmental delay [14], al-
though contribution of CNVs to phenotypic variance
is still uncertain for many common traits [9, 15, 16].
To date, no genome-wide survey of the effect(s) of
copy-number variants on lung function quantitative
traits has been carried out.
Platforms primarily designed for SNP genotyping can
additionally provide an estimate of copy number by
looking for deviations in the intensity signal from each
allelic SNP probe; “non-polymorphic” probes (probes at
genomic positions where there is no known SNP) have
been added to some GWAS platforms specifically for
this purpose. The wide availability of these intensity data
presents an opportunity to measure genome-wide copy
number variation across multiple studies and bring to-
gether large sample sizes for association testing.
Here we describe a pipeline for genome-wide CNV
genotype measurement using SNP array intensity data.
We first tested the pipeline and defined appropriate qual-
ity control filters using 6 cohorts comprising intensity data
from 5 different genotyping platforms. We then under-
took an analysis of genome-wide CNV associations with
lung function for up to 12,403 individuals in a subset of 4
cohorts with lung function measurements at 1962 copy
number variable loci. We show how this approach can
identify multiallelic variants that are not well-tagged by
SNPs and that potentially explain some of the missing her-
itability of lung function quantitative traits.
Methods
There were 2 stages of the analysis. In the first stage we
refined a pipeline for copy number calling to determine
the quality control steps required to obtain consistent
copy number measurement across multiple cohorts and
genotyping platforms. In this stage we analysed intensity
data from SNP genotyping platform experiments for
24,237 samples from 6 different cohorts (Busselton
Health Study (BHS, n = 3496), Young Finns Study (YFS,
n = 2682), British 1958 Birth Cohort (B58C, n = 2920),
Study of Health in Pomerania (SHIP, n = 4072), Raine
Study (n = 1685) and the Avon Longitudinal Study of
Parents and Children (ALSPAC, n = 9382)). The aim of
this first stage was to identify whether common CNVs
could be measured with consistency across multiple co-
horts with different intensity data. In the second stage
we tested for association of copy number with lung
function in 4 cohorts which had lung function measure-
ments. Lung function association results were then
meta-analysed across cohorts.
In stage 1 we selected known, common copy number
variable regions (CNVRs) from a map of 11,700 copy
number variants across the genome published by The
Genome Structural Variation Consortium [17], which in-
cluded 3276 autosomal CNVRs observed twice or more
in 20 HapMap CEU samples. Of these, 2788 CNVRs
were retained after quality control (Additional file 1).
The Log R Ratio (LRR) of the intensity signals from
the allelic probes used in the SNP genotyping was used
to estimate copy number. LRR is the ratio of the inten-
sity to the expected intensity of the relevant genotype
cluster and is a transformation of the raw X and Y inten-
sity signals that enhances the correlation with copy
number. The LRR was available for all of the cohorts
apart from ALSPAC where the sum of the X and Y in-
tensities from each of the allelic probes was used instead.
Replicate samples and samples which failed intensity
noise filtering (Additional file 1) were excluded before
copy number calling. Where SNP genotypes were avail-
able, we derived ancestry-informative principal compo-
nents using EIGENSOFT [18] and removed any samples
that had a score on any of the first 4 principal compo-
nents greater than 6 standard deviations from the mean.
At each CNVR the samples passing the above quality-
control filters were clustered by a 1-dimensional sum-
mary of the intensity signals from the probes within the
CNVR boundary; only samples with non-missing data
for these probes were included when clustering each
CNVR. The cluster to which a sample belongs was used
as a proxy for the copy number class of the sample at
that CNVR. The clustering was performed by Bayesian
hierarchical mixture modelling implemented in the R
package CNVCALL [9, 19].
For the initial run of clustering no prior information
about the number of classes was included, with the algo-
rithm determining the most likely number of classes
from the data independently for each cohort. In the
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absence of a “gold standard” for the correct number of
classes at each CNVR, we used the number of classes
called by the best-performing cohort as our best esti-
mate of the true number of classes for a CNVR. The
best-performing cohort was the cohort in which the
clusters were most clearly defined and hence in which
the highest number of polymorphic CNVRs could be
called. In this way, where the number of classes initially
clustered in the first run of the algorithm was different
across cohorts, we re-clustered CNVRs, fixing the num-
ber of classes to be that obtained in the first run in the
best-performing cohort. CNVRs were determined to be
high quality if they were called in the best-performing
cohort or had class frequencies compatible with the
best-performing cohort (Additional file 1).
For stage 2, lung function measurements (FEV1, FVC
and FEV1/FVC) were available for 3 adult cohorts (BHS,
B58C and SHIP) and 1 child cohort (ALSPAC). We
tested for association of FEV1, FVC and FEV1/FVC with
CNVR copy number within each cohort and results were
then meta-analysed across up to 4 cohorts as the pri-
mary analysis and then across up to 3 cohorts of adults
to look for age specific effects. Only CNVRs called with
the same number of classes and consistent class frequen-
cies across cohorts in stage 1 (Additional file 1) were in-
cluded in meta-analyses. Uncertainty in copy number
assignment due to weakly defined clustering was taken
into account in association testing by using copy number
dose (Additional file 1) [20]. Association testing for co-
horts with unrelated individuals was performed using a
linear model of phenotype with copy number dose. Lung
function phenotypes were adjusted for age, age2, sex,
height and height2 and first 4 ancestry principal compo-
nents. As there were related individuals in BHS we used
a generalised-estimating equation (GEE) to account for
correlation within families [21]. A detailed description of
the cohorts is given in the Supplementary Material. A
flow diagram of the whole pipeline from all initially
available samples and CNVRs through to final meta-
analysis results is shown in Additional file 1: Figure S1.
For CNVRs which were well-tagged by SNPs (r2 > 0.7),
we sought replication of suggestive signals of association
(P < 0.001) for lung function in a large GWAS. Linkage
disequilibrium (r2) between each CNVR and SNPs
within 1 Mb of the CNVR start and end positions was
measured using samples in the BHS cohort that had
both copy number genotypes and imputed SNP genotypes
(1000 Genomes Project Phase 1 imputation reference
panel). For replication we used results from the SpiroMeta
and CHARGE consortia meta-analysis of 48,201 individ-
uals across 23 studies [3, 4], the UK BiLEVE lung function
GWAS [6] (n = 48,943, Additional file 1) and the subset of
samples from the 152,729 UK Biobank samples genotyped
at the time of writing that were not in UK BiLEVE and
with lung function measurements passing ERS/ATS
criteria (n = 49,727, Additional file 1). In the replication
studies lung function traits were adjusted for age, age2,
sex, height, pack years in smokers where available, and an-
cestry principal components where available. Residuals
were inverse rank inverse-normal transformed after ad-
justment apart from FVC in SpiroMeta and CHARGE,
which was untransformed [4], hence for FEV1 and FEV1/
FVC we used inverse-variance weighted meta-analysis
across the replication cohorts and for FVC we used
Z-score meta-analysis. All replication resources were
comprised of European ancestry individuals. For repli-
cation, we used a Bonferroni corrected 5 % threshold
for the number of CNVRs with a tag SNP available.
Replication was not available for CNVRs not well-
tagged by SNPs (r2 > 0.7).
We tested for enrichment of gene ontology (GO) terms
using DAVID [http://david.abcc.ncifcrf.gov/] within genes
spanned by CNVRs showing association with P < 0.01 for
our lung function traits in the meta-analysis of all cohorts
and separately within the meta-analysis of adult and child
cohorts. We used a Bonferroni correction for all GO
terms showing nominal significance of P < 0.05. We used
GTEx[22] to perform a look up of eQTL signals of SNPs
tagging CNVRs using an empirical 5 % threshold deter-
mined by permutation by GTEx.
Results
For the first stage of the analysis, aimed at developing a
pipeline for copy number calling across different geno-
typing platforms, intensity data was available for 24,259
samples from 6 cohorts. After filtering, 19,308 samples
were taken forward for CNVR clustering and copy num-
ber calling. The total number of CNVRs called and the
proportions of deletions, amplifications and multiallelic
CNVRs called in each cohort varied across genotyping
platforms (Table 1) and hence we only meta-analysed
CNVRs that were called consistently across platforms.
As CNVCALL was able to resolve the largest proportion
of the 2788 CNVRs as polymorphic in the BHS cohort
data (1962 CNVRs, 70.4 %) and the clustering gave the
best separation of classes in the BHS data (Additional
file 1), the number of classes called in the BHS cohort
was used as our best estimate of the true number of
classes and as the standard for calling CNV genotypes
with a consistent number of classes across all cohorts.
The numbers of CNVRs initially clustered in the 6 co-
horts are shown in Table 1 and the overlap of clustered
CNVRs across cohorts is shown in Additional file 1:
Figure S2. Differences in the numbers of CNVRs suc-
cessfully clustered in each cohort could be due to dif-
ferences in data quality, differences in probe content
on different genotyping platforms or the available in-
tensity measures (LRR vs X + Y). 1103 CNVRs could
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be clustered with number of classes and class fre-
quencies compatible with BHS (χ2 test described in
Additional file 1) in at least 1 other cohort. This fil-
tered set of CNVRs was enriched for deletions in all
cohorts compared to the initial set (Table 1).
For the second stage of the analysis, lung function data
was available for 19,870 samples from 4 cohorts. After
filtering, 12,403 samples were taken forward for association
testing (Table 2). None of our CNVR associations reached
a 5 % Bonferonni threshold for 1962 independent tests
(P < 2.5 × 10-5); the full set of association results are pro-
vided in Additional file 2. We sought replication of sug-
gestive associations (P < 0.001) which included 12 CNVR-
trait combinations (11 distinct CNVRs) in the adult co-
horts analysis (Table 3; Quantile-Quantile and Manhattan
plots are in Additional file 1: Figure S4 and Figure S5).
Replication was sought for these 12 CNVR associations by
looking at association of SNPs tagging the CNVR in inde-
pendent cohorts (Table 3). Out of 12 CNVR-trait combina-
tions showing suggestive evidence of association with lung
function, (P < 0.001), 7 (including CNVR4222.1 which was
associated with both FEV1 and FVC; Table 3) were well
tagged by a 1000G SNP (r2 > 0.7). A SNP tagging
CNVR6854.1 (rs7501378, r2 = 0.94) showed replication of
association with FVC in UK BiLEVE and in the meta-
analysis of the 3 replication cohorts (Table 3) using a
Bonferroni-corrected 5 % threshold for 8 tests (P < 0.006).
The direction of effect of this CNVR was consistent across
the 3 discovery CNVR cohorts and was in the same direc-
tion in SpiroMeta, CHARGE and UK BiLEVE for the SNP
allele positively correlated with increased copy number, but
in the opposite direction in the non-significant UK Biobank
association (Table 3). CNVR6854.1 is located at 16q24.2 and
is 2.0 kb downstream of BANP (BTG3 Associated Nuclear
Protein, also known as Scaffold/Matrix-Associated Region-
1-Binding Protein [SMAR1]). The tag SNP rs7501378 is
420 bp further downstream of BANP than CNVR6854.1
(Additional file 1: Figure S6). There was no evidence for this
SNP as an eQTL in blood [23, 24] or lung [24].
The 3 strongest signals of association with lung func-
tion in the discovery meta-analysis (FEV1/FVC, P = 1.96-
2.69 × 10-4, CNVR94.3, CNVR94.4 and CNVR94.5) were
for 3 overlapping and correlated CNVRs within or near
to CROCC, a gene that encodes rootletin, a component
of cilia (Additional file 1: Figure S7). CNV94.3 was mea-
sured as a 3 class CNV in a previous study [17] and
showed consistent class frequencies with those observed
in BHS and B58C (Additional file 1: Table S1). However,
no tagging SNP was available.
Across the 45 genes implicated by CNVRs showing
nominal evidence of association (P < 0.01) with lung
function in this study, no enrichment of gene ontology
terms was seen (P < 0.05).
Discussion
We developed a quality-control pipeline for genome-
wide association analysis and meta-analysis of CNV ge-
notypes and generated robust copy number calls across
cohorts for 1962 CNVs genome-wide across 6 cohorts
comprising 5 different genotyping platforms. Of these,
1103 CNVs could be clustered consistently in at least 2
cohorts, 777 in 3 cohorts, 371 in 4 cohorts and 70 in 5
Table 2 Summary of samples with lung function phenotypes
Cohort BHS B58C SHIP ALSPAC
Samples passing QC (M/F) 3084 (1381/1703) 2492 (1293/1199) 1765 (863/902) 5062 (2547/2515)
Age yrs mean (range) 50.0 (16.5–97.3) 45.1 (44.5–46.0) 52.3 (25.0–85.0) 8.64 (7.42–10.33)
Height m mean (range) 1.69 (1.39–1.97) 1.70 (1.22–2.02) 1.70 (1.42–1.97) 1.33 (1.13–1.59)
FEV1 L mean (range) 3.09 (0.56–6.90) 3.30 (0.65–5.73) 3.28 (0.88–6.32) 1.7 (0.68–2.79)
FVC L mean (range) 3.96 (0.96–8.63) 4.22 (1.1–7.71) 3.86 (1.22–7.24) 1.93 (0.77–3.13)
FEV1/FVC mean (range) 0.78 (0.28–1.00) 0.79 (0.12–1.00) 0.85 (0.49–1.00) 0.88 (0.50–1.00)
Table 1 Platform probes, samples and CNVRs clustered
Cohort BHS YFS B58C SHIP Raine ALSPAC
Platform Illumina 660 Illumina 670 Illumina 1.2 M Affymetrix 6 Illumina 660 Illumina 550
Autosomal SNP probes 573462 580030 1115905 909508 578525 580694
CNV probesa 62092 63617 75114 945805 62138 0
Samples used in CNVR clustering 3496 2682 2920 4072 1685 9382
No. CNVRs clustered within cohort 1962 1933 1540 721 1929 491
Percentage of deletion/amplification/multiallelic 43.9/34.0/22.1 44.0/33.9/22.1 46.1/34.0/19.9 38.6/40.7/20.7 44.0/34.0/22.0 43.6/40.5/16.0
No. CNVRS consistently clustered with BHS 1962 393 855 224 838 11
Percentage of deletion/amplification/multiallelic 43.9/34.0/22.1 52.7/24.7/22.6 51.3/27.8/20.8 57.6/23.2/19.2 52.5/28.3/19.2 72.7/27.3/0
aA CNV probe is a monomorphic probe targeted in regions of known copy number variation
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Table 3 CNV association with lung function with P < 0.001 for meta-analysis of 3 adult cohorts with follow up of tag SNPs in replication cohorts
CNVR CNV results Replicationc
Meta analysis of BHS, B58C & SHIP Best tag SNP SpiroMeta &
CHARGE
UK BiLEVE UK Biobank Meta-analysisd
N Beta L (SE) Effectb P Genes SNP r2 Beta (SE) P Beta (SE) P Beta (SE) P Beta (SE) Effecte P
FEV1 CNVR1073.1
(2q32.1) 640 bp
deletion (2 class)
5560 -0.0467 (0.0135) –. 5.55×10-4 Upstream DNAJC10 rs2696127 0.766 -0.0069 (0.008) 0.38 -0.0073 (0.007) -0.0061 (0.007) 0.37 0.0068 (0.004) —— 0.11
CNVR217.1a
(1p31.1) 45.7kbp
multiallelic (3 class)
7258 0.0268 (0.0078) +++ 5.55×10-4 Upstream NEGR1 rs2568958 1 0.0084 (0.007) 0.24 0.0040 (0.007) 0.56 0.0072 (0.007) 0.27 -0.0065 (0.004) ++++ 0.10
CNVR4222.1a
(9p21.2) 4.01kbp
deletion (2 class)
7284 -0.0868 (0.0263) — 9.78×10-4 Intronic LINGO2 rs10968307 0.980 0.0067 (0.031) 0.83 -0.0129 (0.026) 0.61 0.0084 (0.024) 0.73 0.0003 (0.015) - + -+ 0.99
FVC CNVR4742.1
(10q21.1) 1.35kbp
deletion (3 class)
5528 0.0599 (0.0174) ++. 5.65×10-4 intergenic rs1903969 0.995 0.0020 (0.005) 0.72 0.0082 (0.010) 0.40 0.0048 (0.009) 0.61 ++++ 0.32
CNVR4222.1a
(9p21.2) 4.01kbp
deletion (2 class)
7284 -0.1126 (0.0329) — 6.30×10-4 Intronic LINGO2 rs10968307 0.980 0.0342 (0.106) 0.75 -0.0150 (0.026) 0.56 -0.0126 (0.024) 0.60 - + – 0.65
CNVR6854.1a
(16q24.2) 3.25kbp
deletion (3 class)
7281 0.0389 (0.0116) +++ 7.72×10-4 Downstream BANP rs7501378 0.940 0.0111 (0.005) 0.017 0.0232 (0.008) 0.0037 -0.0021 (0.008) 0.79 +++- 0.0038
CNVR7142.1a
(17q22) 2.62kbp
deletion (3 class)
5519 -0.0454 (0.0136) –. 8.20×10-4 Downstream
SCPEP1
rs880266 0.766 -0.0021 (0.006) 0.73 -0.0048 (0.008) 0.53 0.0108 (0.007) 0.14 —+ 0.77
FEV1 / FVC CNVR94.3
a
(1p36.13) 14.5kbp
deletion (3 class)
4800 0.0061 (0.0016) +.- 1.96×10-4 Upstream CROCC rs696095 0.263
CNVR94.5
(1p36.13) 51.3kbp
deletion (4 class)
3005 0.0045 (0.0012) +.. 2.08×10-4 Exonic CROCC rs696095 0.169
CNVR94.4
(1p36.13) 106kbp
multiallelic (4 class)
2951 0.0046 (0.0013) +.. 2.69×10-4 Exonic CROCC rs696095 0.169
CNVR3585.1 (7q34)
560 bp multiallelic
(4 class)
3082 -0.0052 (0.0014) -.. 2.89×10-4 Intronic MGAM rs62477625 0.644
CNVR7927.1a
(20q13.33) 880 bp
gain (3 class)
5548 0.0056 (0.0016) ++. 5.98×10-4 upstream HAR1A;
downstream
HAR1B; downstream
LOC63930
rs4809276 0.818 -0.0037 (0.010) 0.71 0.0083 (0.008) 0.30 0.0056 (0.008) 0.47 -0.0044 (0.005) +-++ 0.37
FEV1 Forced Expiratory Volume in 1 second, FVC Forced Vital Capacity (FVC).
aCNVR class frequencies consistent with independent cohort (Additional file 1: Table S1). bEffect direction: BHS/B58C/SHIP (a dot signifies no
result). r2 correlation coefficient between CNVR copy number and SNP genotype in BHS. Replication was performed where there was a tag SNP with r2 > 0.7. cLung function traits are rank inverse-normalised apart from
FVC in SpiroMeta & CHARGE which is untransformed mL. dInverse-variance weighted meta-analysis for FEV1 and FEV1/FVC; Z-score meta-analysis for FVC.
eEffect direction: CNVR/SpiroMeta & CHARGE/UK BiLEVE/UK
Biobank. Gene annotations provided by ANNOVAR [30]
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cohorts. No CNVRs could be clustered across all 6 co-
horts (Additional file 1: Figure S2). We tested for associ-
ation of each CNVR with lung function in a subset of 4
cohorts and then undertook meta-analyses for adults
and children combined and adults only. A signal of asso-
ciation with FVC for a CNVR downsream of BANP on
chromosome 16 was replicated using a tag SNP in 2
large independent studies. The class frequencies of this
CNVR observed in our study were consistent with those
previously measured [17] providing reassurance that this
CNVR has been measured accurately. BANP is expressed
in a range of organ tissues including respiratory epithelial
cells [http://www.proteinatlas.org/] and has been shown
to have a role in regulation of alternative splicing via a
histone deactylase 6 (HDAC6)-mediated deactylation
pathway [25, 26] (other HDACs, including HDAC6, have
previously been implicated in chronic obstructive pulmon-
ary disease (COPD) and lung function [27, 28]).
An additional five CNVRs which showed suggestive evi-
dence of association with lung function in our study were
complex (i.e. did not have 3 copy number classes) and
hence not well tagged by bi-allellic 1000G SNPs. Amongst
these were 3 correlated CNVRs which had the strongest
evidence of association for FEV1/FVC (P = 2.0-2.7 × 10
-4)
and which involved the CROCC gene in a region that has
previously been shown to be associated with lung function
[3]. These 3 CNVRs are not tagged (r2 = 0.005) by the pre-
viously reported SNP showing strong evidence of associ-
ation with FEV1/FVC (rs2284746, P = 7.5x10
-16), which is
within 25 kb [3]. Collectively, these 3 CNVRs would ex-
plain an additional 0.46 % of the variance in FEV1/FVC in
addition to the 3.2 % of variance in FEV1/FVC already
accounted for by genome-wide significantly associated
SNPs [3]. It has been shown in Crocc knockout mice that
loss of rootletin (the protein encoded by Crocc) prevents
the formation of the ciliary rootlet in airway epithelial cells
leading to a reduction in motile cilium function with
pathological changes consistent with insufficient mucocili-
ary clearance [29]. CROCC is in a region which is anno-
tated as containing several overlapping CNVRs [17]
(Additional file 1: Figure S7); however some nested
CNVRs could actually be the result of incomplete meas-
urement of the larger CNVR within which they are found.
The preliminary CNV associations in CROCC warrant
further verification. Determining the precise genomic
architecture of the region is needed to understand the
nature of the associations observed in this study.
Meta-analysis of association test statistics from mul-
tiple cohorts is a routine approach to increase sample
sizes in GWAS based on SNP data when individual-level
data cannot be analysed all together. SNPs that are
assayed on commercial platforms are biallelic and well
characterised in terms of expected allele frequencies and
the assays themselves are designed to accurately measure
SNP genotypes. In contrast, CNVRs are less well-
characterised and although the use of SNP genotyping
platform intensity presents a useful and economical ap-
proach to measure copy number variation, this also pre-
sents challenges. In this study, we presented a pipeline
for ensuring compatibility of CNV genotypes before
meta-analysis when these have been derived from different
data sources (both in terms of platform and probe set).
We were able to generate compatible copy number calls
across at least 2 cohorts for over one thousand CNVRs
genome-wide. Differences in concordance of CNV class
frequencies between pairs of cohorts with SNP genotyping
data from the same or similar versions of Illumina plat-
forms could be due to differences in intensity data quality.
It was evident that older versions of the platforms had
poorer probe coverage of the CNVRs than the more re-
cent platforms, some of which had content designed spe-
cifically for the larger set of CNVRs from which the subset
analysed here were selected. We chose to use the number
of copy number classes and class frequencies from one co-
hort as the best estimate of the true number of classes to
which other cohorts were compared with validation of the
genotypes measured in this reference cohort against CNV
genotypes in an independent cohort. As new cohorts
emerge and existing cohorts update their genotype data
using newer arrays, compatibility across cohorts for in-
creasing numbers of CNVRs is likely to increase.
Conclusions
We demonstrate how common CNV regions can be reli-
ably and consistently called across cohorts, using an exist-
ing calling algorithm and rigorous quality control steps,
using SNP genotyping array intensity data. Using this ap-
proach, we describe a novel signal of association with FVC
for a copy number variable locus downstream of BANP
on chromosome 16 and present evidence that copy num-
ber variation may play a role at a locus previously reported
as being associated with lung function (CROCC).
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supplementary tables and figures. (PDF 913 kb)
Additional file 2: Copy number class frequencies and lung function
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